This research proposes a parametric estimation of the structural dynamic efficiency measures proposed by Silva and Oude Lansink (2009). Overall, technical and allocative efficiency measurements are derived based on a directional distance function and the duality between this function and the optimal value function. The applicability of the parametric proposal is illustrated by assessing dynamic efficiency ratings for a sample of Dutch dairy farms observed from 1995 to 2005.
Introduction
The economics literature on efficiency has traditionally derived static technical efficiency measures that ignore the adjustment of quasi-fixed inputs to their long-run levels and the time interdependence of production decisions. Only recently have we witnessed important contributions to the literature on dynamic efficiency modeling. In this regard, it is noteworthy that most of the advances have taken place in the framework of the nonparametric data envelopment analysis (DEA). While Sengupta (1995) introduced the first order conditions of the dynamic optimization problem into the DEA models, Goto (1999, 2003) considered the stock of capital at the end of a time period as an additional output within the DEA model. Silva and Stefanou (2007) proposed nonparametric measures of dynamic efficiency based on Silva and Stefanou's (2003) nonparametric dynamic dual cost approach to production analysis. More recently, Silva and Oude Lansink (2009) have employed the adjustment cost technology to generalize the static conditional input distance function developed by Chambers et al. (1998) to a dynamic framework. The empirical application of their proposal is illustrated using DEA methods.
While a number of parametric reduced-form approaches to dynamic efficiency measurement have been proposed (Tsionas, 2006; Ahn and Sickles, 2000) , structural approaches have been very scarce. The paper by Rungsuriyawiboon and Stefanou (2007) is a notable exception. These authors propose a shadow cost approach in the framework of the dynamic duality model of intertemporal decision making to generate both allocative and technical efficiency measures. In being based on the dynamic duality theory of intertemporal decision making, the approach by these authors does not however specify nor estimate the production technology. The proposal by Silva and Oude Lansink (2009) generates efficiency measures based on the production technology. The duality between this function and the optimal value function is developed and allocative efficiency measures are subsequently derived. Silva and Oude Lansink's (2009) method is of particular interest over previous proposals of dynamic efficiency measurement, since the technology is specified as a directional distance function. Directional distance functions are a more general and less restrictive specification of technology than traditional specifications of the production frontier. Our work contributes to previous literature by parametrically estimating the model proposed by Silva and Oude Lansink (2009) . As has been noted above, while nonparametric methods have been shown to be an adequate methodology to measure dynamic efficiency, structural parametric applications have been very scarce, making the analysis of this issue necessary.
The dynamic directional distance function, the intertemporal optimization problem and duality
Following Silva and Oude Lansink (2009) , a directional distance function is used to generate farm-level dynamic technical inefficiency measures for all factors of production. Let represent a vector of outputs, denote a vector of variable inputs, the capital stock vector, the vector of gross investments and a vector of fixed inputs for which no investments are allowed. The production input requirement set can be represented as
The input requirement set is assumed to have the properties defined by Silva and Oude Lansink (2009) , i.e., ( : ) V y K, L is a closed and nonempty set, has a lower bound, is positive monotonic in , negative monotonic in I , is x a strictly convex set, output levels increase with the stock of capital and quasi-fixed inputs and can be disposed of freely. (1)
The distance function is a measure of the maximal translation of in the direction defined by the vector (
, that keeps the translated input combination inside ( , β is added to , the directional distance function is defined by simultaneously contracting variable inputs and expanding gross investments. As shown by Silva and Oude Lansink (2009) ,
(y, K, L, ;g g 0 fully characterizes the input requirement set ( : V ) y K, L , being thus an alternative primal representation of the adjustment cost production technology.
The input-oriented dynamic directional distance function inherits the properties of the static directional input function. These properties are: 
6. If output levels are increasing in the stock of capital, then
7. If output levels are increasing in the stock of fixed inputs, then 
In the next section, we present the empirical specification of both the directional distance function and the minimum shadow cost function. Estimation methods are also discussed.
Empirical specification
Following Chambers (2002) and Färe et al. (2005) , the quadratic function is used as a parametric specification for the directional distance function. The quadratic specification offers the advantage that it can be easily restricted to satisfy property D.2., the so called translation property. If we set , , 1, 1,...,
, we assume a single-output firm) and add a time trend ( t ), the distance function for the firm can be expressed as:
Parameter restrictions that need to be imposed for the translation property to hold are:
; ; ; ; and . Symmetry restrictions are also imposed: , , , and .
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Following Kumbhakar and Lovell (2000) and Färe et al. (2005) , the dynamic quadratic directional input distance function can be estimated using stochastic estimation techniques.
The stochastic specification of the distance takes the following form:
where , and . In order to estimate (8), the translation property is used:
Function corresponds to the quadratic form in (7), with , Stochastic estimation is accomplished by maximum likelihood procedures. For a sample of H observations, the logarithm of the likelihood function is defined as:
1 Parameter estimates changed very little with the choice of α h however.
Where η is a constant,
, and Φ is the standard normal cumulative distribution function. Point estimates of each producer's technical inefficiency can be derived as follows:
where and are the vectors of explanatory variables and parameter estimates respectively, is a measure of dynamic technical efficiency, is replaced by its Given the distributional assumptions made for h γ and , the log likelihood function corresponding to the stochastic cost frontier can be expressed as follows:
where is a constant, and ω ( )
Point estimates of each producer's overall inefficiency can be generated as follows:
where and are the vectors of explanatory variables and parameter estimates respectively,
is a measure of overall efficiency, is replaced by its
σ .
Once the dynamic cost and technical efficiency measures are generated, one can estimate allocative efficiency thro
Empirical application
Our empirical application focuses on a sample of specialized dairy farms in Holland. bonds (Eurostat) and is equal to 4.97%. Following previous research, we assume that the current price of a quasi-fixed input can be derived as the discounted sum of the future rents on the depreciated asset (Epstein and Denny, 1983; Pietola and Myers, 2000) . Based on this assumption, the rental cost price of capital is defined as , and the parameter-restricted input distance function can be expressed as: 1  2 2  1  1  1  2  1  2  2  1  2   2  2  2  1  1 1  2 2  1 1 1  1 2 1 2  2 2 2   2  2  2  2  2  2  1  1  2  2  1  2  1 1  1 1  2 2  2 2  1 2  1 2  1 1 , , ) 
and the cost frontier function to be estimated is: Table 1 Table 2 provides parameter estimates of the directional distance function. Almost 70% of the parameters are statistically significant. As expected, the first derivatives of the directional distance function (table 3), suggest that the distance increases with an increase in variable, quasi-fixed and fixed inputs, while it decreases with an increase in output and investment demand. In other words, dynamic technical inefficiencies worsen when a farm requires more input to produce the same amount of output and gross investment, and improve when output and gross investment grow, keeping input use constant.
Results
First derivatives are computed at the data means and Monte Carlo Bootstrapping techniques are used to generate their variances. We utilize 500 pseudo-samples of the same size as the original sample, drawn with replacement. We then estimate both the distance and the cost function and derive their first derivatives (calculated at constant values, i.e., at the means of the variables from the original sample). Replicated estimates of these derivatives are then used to derive their variance-covariance matrix. (table 5) .
Dynamic technical, allocative and overall inefficiency estimates are presented in table 6. The average cost inefficiency ( ) over the period studied is 0.12, involving the possibility to produce the same amount of output with long-run cost savings on the order of 12%. Cost inefficiency is mainly due to technical inefficiency ( ) which is on the order of 0.11 and which suggests that there is scope for an 11% cost reduction through a more efficient use of inputs.
It is noteworthy that our non-parametric bootstrap approach is robust to misspecification issues, including heteroskedasticity.
Our dynamic technical inefficiency scores are compatible though not directly comparable with static measures generated by previous research. Reinhard, Lovell and Thjissen (1999) assess, among other issues, technical efficiency of a sample of Dutch dairy farms through a production frontier and obtain average inefficiency values of almost 0.11.
Using a shadow cost system approach, Reinhard and Thjissen (2000) derive, also for a sample of Dutch dairy farms, technical inefficiency scores on the order of 0.15. Kumbhakar et al. An improved input mix given market prices offers, on the contrary, little scope for cost reduction. Note: *(**) denotes statistical significance at the 10(5%) level Note: *(**) denotes statistical significance at the 10(5%) level 
